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Abstract:  
 
The long-term slowdown in productivity growth for OECD countries, despite 
increased resources allocated to R&D, has once again raised the issue of limits of 
technological change. I explore the relationship between labor productivity growth and 
R&D intensity, using macro-level panel data from OECD countries. My empirical 
analysis essentially tests the semi-endogenous growth theory against the fully-
endogenous Schumpeterian growth theory. The semi-endogenous framework assumes 
diminishing returns to R&D and requires positive population growth to generate long-run 
growth. The fully-endogenous framework assumes growing product variety and requires 
a constant share of R&D inputs in overall inputs in order to generate positive long-run 
growth. My empirical findings are more supportive of the semi-endogenous growth 
models. The results thus imply that policy changes that increase the share of resources 
allocated to R&D may have little impact on productivity growth. 
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1.0 Introduction: 
 
In a recent paper, entitled “Is U.S. Economic Growth Over? Faltering Innovation 
Confronts the Six Headwinds” Gordon (2012) reignites the debate over the future 
prospects of innovation and technological growth. Those optimistic of future 
technological advances site human ingenuity and can point to several instances in 
history where prominent figures have stated that innovation is over, only to be proven 
wrong time and again. Those individuals such as Gordon who have a more pessimistic 
vision of future innovation look to the standard of living and see the most profound 
impacts have come in the past. Innovations such as running water, heating, and 
electricity in the household were “one-time” changes in the way that humans live. Due 
to these innovations having already been implemented in developed societies, it’s 
difficult to imagine any innovation having as great an impact on the daily life as those 
from the past already have. Using Schumpeterian (R&D Induced) Growth Theory I test 
the state of technological opportunity and the diminishing nature to R&D. The 
conclusions I find give strength to the claims that there is a diminishing nature to the 
R&D effort.  
The motivation behind this paper goes beyond the debate over faltering 
innovation but comes about from observed productivity growth declines in the United 
States paired with an increased R&D intensity.   
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Figure 1: 
Note: Labor Productivity Growth is calculated as per capita GDP ($1990) / total hours 
worked per capita giving output per capita. Growth calculated on a year over year basis. 
Observations in this figure are taken as average growth over 10 year periods.  
 
 
   
 
Figure 1 presents the decade trends for labor productivity growth in the United 
States from 1950 to 2010. The United States hit peak productivity growth in the 1960s 
with an average growth of 3.12% throughout the decade and by the 2000s it had fallen 
to 1.07%. The measurement for the 2000s is inclusive of the 2007 recession and slow 
recovery as a result the growth of productivity for the decade is biased. However, even 
if productivity growth were similar to that of the 1990s, growth would still be over a 
whole percentage point lower than those of the 1960s.  
 The downward trend in labor productivity is striking because of the link that 
exists between technological growth and labor productivity growth. Technological 
growth spurs labor productivity growth. To better understand this relationship a thought 
experiment is useful. If it takes one hundred lumberjacks with axes, an hour to cut down 
one hundred trees, the per capita output would be one tree per hour. Now imagine there 
are one hundred lumberjacks with chainsaws who can cut down one hundred trees in 
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Figure 2: 
one minute, the per capita output would be one hundred trees per minute. The avenue to 
productivity growth in this example is the chainsaw, technological change. This is a 
very simple example and when applied to the aggregate the process becomes more 
complicated, but the link still exists. For example, Madsen (2010) finds that capital 
plays a role in productivity growth. A worker becomes more productive if they have 
more capital available to them.  
 These labor productivity trends are not only provocative on their own, but the 
trend in R&D intensity illustrates an increased effort without seeing that impact in 
productivity growth. Figure 2 shows the trends in R&D spending in the United States 
from 1981-2012.       
 
 
 As can be observed, besides a steep drop in spending in the late 1980s, there 
has been an increasing effort with regards to R&D. Although growth of 0.3% between 
1980 and 2010 may seem like a trivial amount, intuition tells us that a growing effort in 
Note: Business Enterprise R&D Spending (BERD) is calculated as a portion of total 
GDP. 5 year averages are taken for each observation point.  
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R&D should have a positive impact on the rate of technological growth, or productivity 
growth. The data shows that productivity growth has been in decline even with the 
increased R&D effort. These provoking trends lead me to question technological 
opportunity in the future and whether policy could reverse the labor productivity trends 
and boost technological growth.  
 Literature has long dealt with R&D induced technological growth, and papers 
such as Romer (1990) were among the first to construct endogenous growth models. 
These endogenous models assume that the labor supply and R&D difficulty are 
constant. In the steady state, the endogenous model predicts a constant rate of 
technological growth. In this model, any policy initiative that can increase the labor 
supply, through scale effects, exponentially increases technological growth.   
 Following the endogenous model a new theory emerged to explain similar 
trends I observe in R&D inputs and technological growth indicators. The first wave of 
literature to come out was the semi-endogenous theory in papers such as Jones (1995b), 
Kortum (1997) and Segerstrom (1998). This theory explains that declining R&D 
productivity is a result of diminishing technological opportunity and diminishing returns 
to R&D. In this theory the avenue to achieve a balanced growth path is to growth the 
labor supply, and by assumption policy will have no impact on the rate of technological 
growth.  
 After the semi-endogenous strand of literature, a fully endogenous theory 
began to appear in papers such as Peretto (1998), Young (1998), and Howitt (1999). 
These papers argue that the trends in the data can be explained through product 
proliferation. As an economy grows the variety of products also grows resulting in the 
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resources to R&D being equally distributed over an ever-increasing field of products. In 
this strand of literature the way to attain a balanced growth path is to maintain the 
fraction of total inputs devoted to R&D, and by assumption policy can impact the 
technological growth rate. 
 The semi-endogenous theory cites declining technological opportunity as a 
reason for the declines in productivity, and it is worthwhile to understand what 
technological opportunity is. Olsson (2005) develops an excellent approach to 
technological opportunity and I use his work in my explanation. There are three types of 
products that can shift and impact technological opportunity: incremental innovations, 
radical innovations, and discoveries. Incremental innovations are small changes in 
existing technologies that refine knowledge but are not revolutionary. Radical 
innovations are radically new ideas that are attained after deliberate attempts to combine 
previously unrelated ideas. Radical innovations shift the technological paradigm. A 
discovery is a completely new piece of knowledge that is usually discovered 
accidentally. Initially, discoveries are not usually marketable products and sit in an 
island outside of the technological paradigm until the knowledge is later used in the 
creation of a radical innovation, opening up technological opportunity.  
 To clarify these ideas further imagine the radical innovation of the 
automobile, which combined the internal combustion engine with wheels and a seat. 
The automobile opened up a whole new field of technological opportunity, which has 
since been slowly filled with incremental innovations such as adding air-conditioning 
and power windows to the automobile. The classic example of a discovery is Alexander 
Fleming’s accidental discovery of penicillin, which would then become a critical 
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medicine for mankind. Another way to think of discoveries is to look to the Scientific 
Revolution where pioneering findings in physics, chemistry, and biology were made. 
However, it was not until much later when those findings were actually applied to 
usable innovations. For example, Newton’s first law of motion, an object in motion will 
remain in motion unless acted upon by an outside force, formed the scientific basis for 
the innovation of the seat belt in the car. The theoretical foundations for the seat belt 
were thought of during the scientific revolution but it was not for hundreds of years 
until the seat belt was actually invented.    
 There is existing literature that empirically tests the Schumpeterian models 
and specifically the fully and semi-endogenous models. Zachariadis (2004) uses 
aggregate and manufacturing data from 10 OECD countries between 1971 and 1995. He 
tests the impact of R&D intensity on productivity growth and productivity growth on 
output growth. In conclusion, Zachariadis (2004) finds evidence in support of the fully 
endogenous model and against the semi-endogenous model. Madsen (2007) uses 
aggregate data from 21 OECD countries between 1965 and 1995.1 He tests whether the 
fully and semi endogenous models exhibit constant returns to R&D. Madsen (2007) 
finds evidence against the underlying assumptions of the semi and fully endogenous 
models. Venturini (2012) utilizes data from 20 US manufacturing industries from 1975-
2003. The evidence that Venturini (2012) finds is more supportive of the fully 
endogenous model.     
 Although my paper tests the same semi and fully endogenous models as those 
papers above, it differs in several ways and brings new breath to the literature. One such 
                                                
1 The time horizon that Madsen (2007) uses varies, with data for certain countries going back further.  
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way is that I use data observations that are taken at five-year periods. None of the three 
papers above use observations at five-year periods and to the best of my knowledge 
there is no existing literature that utilizes data in this way. Although the data I use does 
not extend back as much as other papers such as Madsen (2007) who goes back to 1965 
and earlier, I incorporate more recent data into my analysis. Some may criticize using 
more recent data as it is inclusive of the recession beginning in 2007, however my five-
year average data observations smooth the business cycle noise. I use aggregate data 
while some studies use industry level data or both. One reason for my using only 
aggregate data is that Zachariadis (2004) finds that there is an advantage of using 
aggregate data when studying the effects of R&D because of R&D spillovers that are 
potentially captured.      
 Much of the existing literature uses patent data as a proxy for innovation 
output such as Venturini (2012) and Madsen (2007), while I focus on productivity 
growth as an indicator for innovational output similar to Zachariadis (2004). Unlike 
Zachariadis (2004) who uses total factor productivity, I use labor productivity as my 
main indicator for innovational output. I do also use total factor productivity, but my 
motivation for this paper this stems from the trends in labor productivity, and I include 
total factor productivity for robust purposes. Although patent data has steadily improved 
through tracking patent quality (forward citations, backward citations, claims), it fails to 
capture processes and products that go unpatented, while labor productivity captures all 
process and product innovations, whether or not they are patented.  
 I include variables capturing technological adaptation growth of items, such as 
the Internet, into my analysis. To the best of my knowledge there is no existing 
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literature that is inclusive of technological adaptation growth variables, and so my 
analysis being new thought to the current literature. It is on these grounds that my paper 
provides a unique perspective to the existing literature on Schumpeterian growth.  
 The first goal of this paper is to empirically assess whether the semi-
endogenous or fully endogenous models can better explain the trends in the data. Semi-
endogenous theory reasons that the downward productivity trends is due to diminishing 
returns to the R&D effort, while fully endogenous theory predicts that this trend is due 
to product proliferation. Evidence in favor of semi-endogenaity would imply that the 
average worker is becoming less productive, while evidence in support of fully 
endogenaity implies that workers are not becoming less productive but are being spread 
among a growing industrial field.  
 The second goal of this paper is to determine whether policy to increase the 
resources to R&D can impact technological growth. By assumption, these policy 
directives under the semi-endogenous model have little to no impact on the growth rate 
of technology. Under the fully endogenous model, policy directives can impact the rate 
of technological growth. Policy implications are important as it determines whether a 
government can directly impact technological growth.       
 In order to accomplish these goals I run baseline regressions for each of the 
theories, which I then build upon to test the impact of education and technology 
adaptation growth on productivity. The baseline regressions I run give overwhelming 
support to the semi-endogenous theory and as I expand the analysis to include other 
parameters I also find support for the fully endogenous theory. The high significance of 
the semi-endogenous regressions in the baseline leads me to conclude that this theory 
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gives a better explanation of the productivity trends than the fully endogenous theory 
even though I find support for the fully endogenous theory.           
 The rest of the paper is organized as follows. Section 2 reviews the relevant 
literature I use in the study with regards to Schumpeterian Growth, empirical tests of 
Schumpeterian Growth, and observational/policy essays. Section 3 presents the models 
based off foundations borrowed from Dinopoulos and Sener (2007) and Venturini 
(2012). Section 4 discusses the data I use in this study. Section 5 presents the 
econometric specifications that I test. Section 6 illustrates the descriptive statistics and 
regression results. Section 7 concludes. Technical details surrounding my data and 
country specific standard deviations appear in the appendix.       
 
2.0 Literature Review: 
 
The existing literature on innovation and technological change is vast and much of it 
goes beyond the focus of this paper. The literature that has helped to motivate and shape 
this study falls into three sections: the literature on Schumpeterian growth, literature 
that empirically tests Schumpeterian growth, and policy/observational papers.  
 
2.1 Schumpeterian Growth Model Literature: 
 
The literature on Schumpeterian growth must begin with Romer (1990), which 
was one of the first papers to develop an endogenous model with technological change 
at its heart. The paper lays out three premises that are the base for his argument: 
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technological change lies at the heart of economic growth, technological change arises 
in large part because of intentional actions taken by people responding to incentives, 
and instructions for working with raw materials are inherently different from any other 
economic good. In his endogenous model population and the supply of labor are 
constant. If there were policy initiative to devote more human capital to research it 
would lead to a higher rate of new innovations. Innovation increases the stock of 
knowledge and would therefore increase the productivity of human capital in research. 
The paper concludes that an economy with a larger stock of human capital would have a 
higher rate of growth. When this model failed to explain declining patents per 
researchers and declining productivity growth criticism of the endogenous model 
emerged.   
This criticism came in the form of a semi-endogenous growth theory that was 
able to explain the trends that the endogenous model could not. Kortum (1997), and 
Segerstrom (1998) are two such papers that present semi-endogenous growth models. 
Kortum (1997) was written to explain why research inputs have been growing while 
patents per researcher have fallen and total factor productivity has not increased in line 
with research inputs. This generation of literature introduced R&D difficulty into the 
model, when it had been excluded in the previous generation. The paper finds that 
patents per researcher decline as innovation becomes more difficult. In conclusion the 
model predicts that the number of researchers must rise exponentially in order to 
generate a constant rate of patents.  
Segerstrom (1998) presents a similar model where he explores the theoretical 
implications of research and development becoming more difficult. The semi-
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endogenous models exhibit diminishing returns to the R&D effort because of the 
average worker becoming less productive as research becomes more difficult. Just as 
this strand of semi-endogenous literature emerged critics began to develop an 
endogenous model with product proliferation, the fully endogenous theory.   
The fully endogenous growth model is the second Schumpeterian theory that 
this paper will focus on and is presented extensively in Aghion and Howitt (2009, 
chapter 3) among others. The fully endogenous theory has the underlying assumption 
that as an economy grows so do the variety of products that are available in that market. 
As a result, R&D resources then get split between the different products, therefore the 
greater variety of products in a economy the smaller share of R&D resources each gets.  
The debate over which model, semi or fully endogenous can best explain growth 
in technology continues to the present and Dinopoulos and Sener (2007) follow the 
progression of Schumpeterian growth models. The paper discusses the endogenous, 
semi-endogenous, and fully endogenous models and lays out how the literature has 
impacted each theory. There is also extensive discussion on the scale-effect and how the 
semi and fully endogenous theories have taken out the scale-effect that exists in the 
endogenous model. This paper truly does a superb job in explaining the various models 
and directions each has taken.    
 
 
2.2 Literature Concerning Empirical Tests of Schumpeterian Models:  
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Zachariadis (2004) makes the connection between aggregate R&D intensity and 
productivity/output growth. The author finds there exists a positive relationship between 
R&D intensity and growth rates. The paper shows that R&D impacts productivity and 
that productivity in tern impacts the growth rate. The connection he finds is useful in 
my study as it gives justification for my testing the relationship between R&D and 
productivity. In his tests he finds support for the fully endogenous model and evidence 
against the semi endogenous model.   
In the short economic letter, Madsen (2007) tests whether there are diminishing 
returns to R&D. He tests the null hypothesis of constant returns to R&D and finds that it 
cannot be rejected. He concludes that the assumptions of the semi-endogenous growth 
theories cannot be maintained and that the product proliferation assumption of the fully 
endogenous theories needs to be toned down. This is a challenge to the Schumpeterian 
Models and almost a plea for someone to make them better.   
Venturini (2012) empirically tests the generations of Schumpeterian growth 
models. The paper tests the different models using industry level data and patents as an 
indicator for innovation. He finds more evidence in support of the second generation 
Schumpeterian model than the semi-endogenous model.    
 
2.3 Observational/Policy Literature:  
 
Knowledge is an important aspect of growth models and Jones (2009) paper 
discusses education and the increasing educational burden that researchers have to 
undergo. Knowledge is not something that you are born with but you acquire through 
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years of schooling. The paper finds that innovators in areas of deep knowledge combat 
the vast sum of knowledge through longer educational periods, a narrower expertise, or 
teamwork. The paper explains that the burden of knowledge can explain why increasing 
R&D workers and expenditure is not associated with productivity growth and patenting 
rates. Essentially the amount of knowledge that a researcher will have to absorb is so 
large that it is becoming more difficult to innovate. More often than not it is the 
researchers who make great discoveries, and so it is important to understand the 
theoretical background for human capital accumulation in deep fields of study.    
Labor productivity is an important indicator in tracking the rate of innovation 
but has some shortcomings such as the fact that capital deepening can significantly 
impact labor productivity. Madsen (2010) deals with capital accumulation and 
productivity issue. The paper goes on to find that any technological innovation 
breakthrough increases the expected returns and as a result lead to capital deepening. In 
addition, factors such as expected stock returns and tax rates will influence capital 
accumulation and impact productivity. The paper also shows that capital adjustments 
are made within a decade or two from the time of an innovation.  
Dinopoulos and Syropoulos (2007) offers a different explanation to the 
decreases in R&D productivity. They argue that rent protection is making research and 
development more difficult. Rent protection has the fundamental aim of decreasing the 
productivity of R&D. As an economy grows it become increasingly difficult to innovate 
because there are more resources devoted to rent protection. Incumbent firms will 
expend more resources towards rent protection forcing competitors to in turn expend 
more resources on R&D. This paper offers an alternative view on why research and 
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development is becoming more difficult and adds incite to the many mechanisms that 
are at play with regards to R&D.     
In order to get a sense of technological opportunity, Olsson (2005) discusses 
how technological opportunity can help explain the output declines in R&D workers as 
well as innovation potential. The paper outlines three types of innovations (incremental, 
radical and discovery) and how they impact and shift technological opportunity. The 
paper finds that human capital engaged in R&D increases as population grows and as 
the technological opportunity is exploited. The paper also finds that R&D output is 
dependent upon technological opportunity rather than the existing technological 
knowledge. The paper has some insightful findings, but they key section within the 
paper for my study is the discussion of the three types of innovation.     
In a very interesting working paper, Gordon (2012) lays out an argument that the 
growth of the past 250 years was a one-time event and economic growth is converging 
to near zero rates. This strong growth was caused by the cluster of innovations that 
dramatically changing the standard of living. Innovations in the future are not going to 
be as impactful on growth due to factors harboring the economy that he calls the six 
headwinds: demographics, inequality, education, globalization, energy/environment, 
and debt. Gordon sees these headwinds as detrimental to economic growth as we know 
it. Even if innovation continues the impact on growth will be minimal because of the 
headwinds.      
 
3.0 Models: 
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 In this section I re-create the building blocks of the Schumpeterian growth 
model and the specifications that the semi and fully endogenous models follow. 
Following this I explore the returns to R&D under the semi and fully endogenous 
model. I re-create these models from framework given in Dinopoulos and Sener (2007) 
and Venturini (2012) 
 
3.1 Schumpeterian Growth Model:  
 
Schumpeterian growth has evolved over three generations of models. The first 
generation of these models such as Romer (1990) has assumptions of a constant labor 
force and a constant R&D difficulty. These assumptions are unrealistic and as so this 
paper focuses on the second and third generation, which will henceforth be referred to 
as semi-endogenous and fully endogenous. The semi-endogenous theory, Kortum 
(1997) and Segerstrom (1998), assumes that there is diminishing technological 
opportunity and returns to R&D. Thus to maintain a constant growth rate in equilibrium 
there needs to be growth in R&D inputs. The fully endogenous theory, Dinopoulos and 
Thompson (1998) and Howitt (1999), assumes that as an economy grows the number of 
products offered will widely expand, forcing the R&D inputs to be spread over a larger 
number of goods, implying diminishing returns unless the fraction of R&D inputs 
devoted to R&D is constant. Using theoretical foundations from Dinopoulos and Sener 
(2007) and Venturini (2012) I recreate the model’s. To simplify the discussion of the 
models, I will begin with a simple economy. In this economy the final output 
production function is as follows: 
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(1)    
€ 
Y (t) = A(t)LY (t)  
 
where Y(t) is the economy’s total output, A(t) is the level of technology, and Ly(t) is the 
labor devoted to manufacturing. The following function gives us the production 
function of knowledge: 
 
     
(2)    
€ 
gA ≡
˙ A (t)
A(t) =
LA (t)
X(t)  
                                                
 
where gA represents the growth rate of technology, LA(t)  is the total labor resources 
devoted to R&D, and X(t) is the measure of R&D difficulty. As can be inferred, higher 
labor resources would result in a higher technology growth rate, ceteris paribas. In 
addition, if R&D difficulty is increasing as the recent trends in productivity growth 
implies, growth in R&D labor would be required to maintain the balance growth path. 
In this simply economy the labor employment function is as follows: 
 
(3)    
€ 
L(t) = LY (t) + LA (t) 
 
 
 
 
where 
€ 
L(t) = L0etgL indicates the level of the labor force at time t; and where 
€ 
gL > 0and 
is representative of the population growth rate. In this economy the labor force is only 
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comprised of workers in manufacturing or R&D; it can be assumed that if a worker is 
not engaged in manufacturing they are engaged in R&D or vice versa. In the steady 
state the growth of output per capita is: 
 
     
 (4)    
€ 
gy ≡
˙ y(t)
y(t) =
˙ A (t)
A(t) = (1− s)
L(t)
X(t)     
     
     
where
€ 
gy  is output per capita, s is the share of labor engaged in manufacturing, and (1-s) 
is the share of labor engaged in R&D. It can be seen that as the R&D difficulty 
parameter X(t) grows, holding all else constant, the output per capita will fall  In 
addition ,we can get the per capita resource equation by dividing both sides of equation 
(3) by the population level and substituting LA(t) = gAX(t) we get: 
 
 
(5)    
€ 
s+ gA
X(t)
L(t) =1 
 
 
The five equations above are the building blocks of Schumpeterian growth, and 
what follows in this section will be the specifications of the two models built off the 
assumptions and foundations discussed above. 
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3.2 Semi-Endogenous Specifications:   
  
To explore the foundations for the semi-endogenous model and diminishing 
technological opportunity we will assume that as the knowledge, A(t), increases so will 
the difficulty of R&D, X(t):  
 
(6)    
€ 
X(t) = A(t)1/ϕ  
 
 
where 
€ 
ϕ>0 and is a parameter capturing the diminishing technological opportunity. 
Because in the steady state X(t)/L(t) is constant it implies that the growth of R&D 
difficulty must be equal to the growth rate of labor, gL. This gives us: 
 
(7)    
€ 
gA =ϕgL    
 
 
Equation (7) shows that growth rate of technology is proportional to the growth 
rate of labor. This implies that the growth rate of technology under the semi-
endogenous framework can be impacted through growth in labor. This is highly 
dependent on the technological opportunity, if 
€ 
ϕ< 1 there will exist diminishing returns 
to the R&D effort. Because of the assumption that policy cannot directly affect the 
population growth rate or 
€ 
ϕ capturing the technological opportunity, policy directives 
cannot impact long run technological growth. As a result this model is considered semi-
endogenous or exogenous.      
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3.3 Fully Endogenous Specifications:  
 
To illustrate the fully endogenous model I begin in (8) with the production of 
knowledge in a given industry: 
 
 
(8)    
€ 
gι ≡
˙ A ι (t)
Aι (t)
= lA   
 
 
where 
€ 
gι  is industry-specific rate of technological change, 
€ 
Aι (t)  is the industry-specific 
level of technology, and 
€ 
lA  is the number of R&D workers employed in a typical 
industry. Taking aggregate output as, 
€ 
Y (t) = Aι (t)lzn(t) , where 
€ 
lz  is the number of 
workers in manufacturing and n(t) is the number of structurally identical firms 
producing a variety of goods. The per capita output y(t)=Y(t)/L(t) which yields:  
 
(9)    
€ 
gy ≡
˙ y(t)
y(t) = lA +
˙ n(t)
n(t) − gL   
 
 
where gL is the population growth rate. Equation (9) implies that as the number of firms 
producing different good grows, the output per capita falls. In order to find the long run 
per capita growth rate I substitute
€ 
˙ n(t) /n(t) = gL  in (9), giving: 
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(10)    
€ 
gy =
˙ A ι (t)
Aι (t)
= lA   
 
 
Equation (10) implies that any policy directive that changes the distribution of labor 
between manufacturing and R&D can affect long-run growth. Specifically, policy that 
increases the R&D labor will positively impact the long run growth of technology.  
  
 
3.4 Returns in Semi and Fully Endogenous Classifications: 
  
To better understand the returns to R&D we will start with a function depicting 
the growth in knowledge in the steady state: 
 
(11)    
€ 
˙ A 
A = λ
X
Q
⎛ 
⎝ 
⎜ 
⎞ 
⎠ 
⎟ 
σ
Aφ −1 
 
 
where 
€ 
˙ A  is the annual flow of new ideas, A is the stock of knowledge, X is R&D inputs, 
Q is product proliferation that is associated with population L (
€ 
QtαLtβ ),  is research 
productivity and 
€ 
σ  is a duplication parameter, which equals 0 when innovations are 
replications of existing products and 1 when there are no duplicates. 
€ 
β is the coefficient € 
λ
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of product proliferation, and 
€ 
φ  captures returns to scale in knowledge production. In the 
semi endogenous classification 
€ 
φ  < 1, 
€ 
β = 0, and 
€ 
σ  > 0. In the fully endogenous 
classification 
€ 
φ  = 1, 
€ 
β = 1, and 
€ 
σ  > 0. Applying these classifications to the growth in 
knowledge function in (11) yields: 
 
(12)    
€ 
˙ A 
A = λ(X)
σ Aφ −1  
 
(13)    
€ 
˙ A 
A = λ
X
L
⎛ 
⎝ 
⎜ 
⎞ 
⎠ 
⎟ 
σ
  
 
 
 
In the semi endogenous equation (12) there is no product proliferation and as 
can be seen R&D inputs are highly dependent on the productivity of research. Because 
€ 
φ  < 1, there is a decreasing returns to scale in the production of knowledge. In the fully 
endogenous equation (13) the growth in technology is dependent on product 
proliferation. Even if the productivity of researchers is high, the growth in technology is 
still dependent on the growing product field. In this classification because 
€ 
φ  = 1 there 
are constant returns. 
In conclusion, the semi-endogenous framework predicts diminishing returns 
because as the level of technology increases and the technological opportunity becomes 
less the individual worker will become less productive, and so to maintain a balanced 
growth path there must be an increasing number of workers engaged in R&D. The fully 
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endogenous theory predicts this because of a growing variety of products that R&D 
inputs must be evenly dispersed among, and so to maintain a balance growth path a 
constant fraction of inputs must be allocated to R&D.   
 
                  
4.0 The Data 
 
In this section I discuss the data I gathered and the particulars of each variable 
that I use.  The statistical analysis I perform uses panel data encompassing 25 out of 34 
OECD country members and 1 non-OECD member for the period between 1980 and 
2010.2 A list of the countries I used in this study is available in the appendix. The data 
observations are taken at 5 years intervals in order to smooth the business cycle noise in 
the data. The construction of these observations was done in the format that the average 
value from 1980-1984 is recorded as the observation for 1980, 1985-1989 for 1985 and 
so forth. For five-year periods where data for one or more years is unavailable, the 
observation is taken excluding missing years. For example if data for the year 1981 is 
unavailable the observation 1980 is comprised of the averages from 1980, 1982, 1983, 
and 1984.      
The productivity growth data I use as measurement of technological growth is in 
two forms, labor productivity growth and total factor productivity growth. Labor 
productivity is calculated by dividing per capita GDP by the annual hours worked per 
                                                
2 Note that the time period for variables TFP, Personal Computer, Cell Phone, and Internet is limited due 
to the lack of available data.   
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capita using data from the Conference Board’s Total Economy Database.3 Labor 
productivity growth is then equal to the difference of labor productivity between years t 
and t-1. Total factor productivity growth data was also gathered from the Conference 
Board’s Total Economy Database.4 The data available for total factor productivity is 
limited between the period 1990 and 2010.  
The data I utilize for R&D Intensity comes under two sections, R&D intensity 
measured through labor and R&D intensity measured through expenditure. The R&D 
labor measurements are total R&D personnel (annual growth rate) and total researchers 
(annual growth rate) with the data gathered from OECD Main Science and Technology 
Indicators.5 The broad definition of R&D labor is total R&D personnel, which is 
defined as all those researchers, technicians and equivalent staff, and support staff 
engaged in R&D.6 The narrow definition of R&D labor is total researchers, which is 
defined as professionals engaged in the creation of new knowledge, products, processes, 
methods, and systems as well as the management of these projects.  
Data I use for R&D intensity as expenditure is measured in four distinct ways: 
BERD, GERD, HERD, and GOVERD which were all gathered from OECD Main 
Science and Technology Indicators.7 BERD is the business enterprise expenditure on 
R&D as a fraction of GDP, which is comprised of all R&D expenditure by profit 
seeking enterprises. GERD is gross expenditure on R&D as a fraction of GDP, which is 
comprised of all expenditure in a given country in a given year. GOVERD is the 
                                                
3 A more detailed explanation of the calculation for Labor Productivity Growth appears in the appendix.  
4 For more detail on Total Factor Productivity see appendix. 
5 For more discussion of the Main Science and Technology Indicators, see appendix.  
6 Note that total R&D personnel data is unavailable for the United States. 
7 For more explanation of the R&D expenditure data, see appendix.   
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government expenditure on R&D, which is comprised of all federal and state/provincial 
(when significant) expenditure on R&D in a given year. HERD is the higher education 
expenditure on R&D, which is comprised of mostly general university funds (GUF) and 
external funds devoted to R&D within higher education institutions. Table 1 shows the 
summary of variables and the abbreviations that I use throughout the paper.       
 
 
The data I use to account for human capital is the average educational 
attainment for total population aged 15 and over. The data was gathered from the 
Barro-Lee Educational Attainment Dataset.8 The educational attainment is measured in 
years with twelve years being equivalent to a high-school education in the Untied 
States. The Barro-Lee dataset has intervals set at every five year, which allows the data 
to be transferred with minimal disruption.   
                                                
8 For more details of the Barro-Lee dataset, see appendix. 
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For robustness purposes I use data tracking the growth of recent innovations, 
gathered from the Cross-country Historical Adoption of Technology (CHAT) dataset.9 
The first indicator I use is cellphone, which tracks the units of cellphones in a given 
country with data available from 1985-2000. I then calculate the growth in cellphone 
units as the difference between units at t and t-1. I then use the indicator computer, 
which is comprised of the personal computer units in a given country in a given year; I 
then calculate the year over year growth of PC units. The final indicator I use from 
CHAT is Internet user, which is measured as the number of individuals with access to 
the Internet, with data available from 1990-2000. I then use this raw data to calculate 
the year over year growth of those with access to Internet.       
 
 
5.0 Econometric Specifications 
 
In this section I provide specifications for the econometric tests I run based off 
the framework and assumptions discussed in the model section. In my tests I use two 
dependent variables, labor productivity growth and total factor productivity growth to 
account for growth in technology. Semi-endogenous theory allows for constant growth 
in the steady state as long as there is a growing R&D Inputs to offset the diminishing 
returns, and in my study I use R&D labor growth to account for this. In fully 
endogenous theory a higher growth rate can be achieved through allocating a larger 
                                                
9 For more discussion of the CHAT dataset, see appendix. 
 26 
fraction of R&D inputs to offset the diminishing nature that product proliferation has 
and in my study I use R&D expenditure as a fraction of total GDP to account for this. 
 The four equations below show the basic structure of the regressions I run. 
Equations 1 and 2 illustrate the semi-endogenous framework while Equations 3 and 4 
illustrate the fully endogenous framework.         
 
Equation 1: 
                    
 
Equation 2: 
 
 
Equation 3: 
 
 
 
Equation 4: 
 
 
 
Where 
€ 
Ψi is captures the fixed country effects, 
€ 
θ t  captures the fixed year effects, and 
€ 
α i,t  captures the country specific linear time trends. The subscript i denotes that the 
€ 
TFPi,t = β0 + β1RDLGi,t +Ψi +θ t +α i,t +ε i,t
€ 
LPGi,t = β0 + β1BERDi,t +Ψi +θ t +α i,t +ε i,t
€ 
TFPi,t = β0 + β1BERDi,t +Ψi +θ t +α i,t +ε i,t
€ 
LPGi, t = β0 + β1RDLGi, t + Ψi +θ t + α i, t + ε i, t
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variable is country dependent and the subscript t denotes that the variable is time 
dependent. LPG is labor productivity growth and TFP is total factor productivity 
growth. RDLG is representative of R&D labor growth, which is measured, in a broad 
definition (total R&D personnel growth) and a narrow definition (total researchers 
growth). BERD is representative of expenditure on R&D (as a fraction of total GDP). 
 I use fixed effects to control for variations that are country or time dependent. I 
also use country specific linear time trends to account for time trends that exist within a 
country. I do this in order to account for any variations that could impact the results, 
such as a global recession.   
 The statistical tests I run, for robustness reasons, extend from the basic structure 
depicted in the equations above to include other parameters. For the R&D expenditure I 
expand the measurements from just business enterprise to include government 
expenditure, higher education expenditure, and gross national expenditure. However, 
business enterprise expenditure is the measurement I am most concerned with.   
There is a test specification that I run that is inclusive of a human capital 
variable. In addition I also run tests that include variables accounting for the growth in 
recent (within the time period of this study) technological adaptations.  
The indicators that I utilize for R&D labor, both the broad and narrow 
definition, I expect to be positively correlated to productivity growth. Theory tells us 
that the way to offset the diminishing R&D effort is to increase the number of workers 
engaged in that effort. Economies with the ability to continuously muster more 
individuals to battle it out in R&D races are expected to have a higher productivity rate.      
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The variables I use to account for R&D expenditure I expect to have a positive 
correlation to productivity growth. As the theory portrays, the only way to maintain 
positive growth in technology, or productivity, is to maintain a constant fraction of 
resources devoted to R&D inputs. Countries with a larger fraction of GDP devoted to 
R&D inputs would be expected to experience a higher rate of productivity growth.     
I expect that the human capital variable I use to be positively correlated to the 
productivity growth as theory predicts that as the base of knowledge increase the 
average productivity of the individual worker will increase. This implies that a country 
with high educational attainment would see higher productivity than a country with a 
lower base of knowledge.          
I expect that the variables tracking specific technological adaptation growth to 
be positively correlated to productivity. Innovations have the ability to increase the 
productivity of the individual greatly. The technologies I track as variables are cell 
phones, personal computers, and Internet access. Intuitively, cell phones allow for 
communications on the go, computers allow for ease in accomplishing repetitive and 
dull tasks, and the Internet connects the individual to a revolutionary paradigm of access 
to information. Higher growth in these variables I expect to equate to higher 
productivity levels.        
 
6.0 Descriptive Statistics and Empirical Analysis  
 
In this section I will first present the descriptive statistics of the variables I use 
in the empirical analysis. The section will then present the regression results from the 
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conditions outlined in the econometric specifications section. In this section I begin 
with the results from the baseline semi and fully endogenous classifications using labor 
productivity growth as the dependent variable followed by the results using total factor 
productivity growth. Then, for robustness purposes, I present the results from the 
baseline regressions with the added technological adaptation growth variables.   
 
 
6.1 Descriptive Statistics for Baseline Regressions 
 
This section presents the descriptive statistics for the baseline regressions I run 
while using labor productivity growth and total factor productivity as the dependent 
variables.  Table 2 presents these statistics followed by discussion of the statistics. 
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In Table 2 one can see the considerable variation in LPG across countries, 
ranging from  -7.25% in Greece (2010-2012) to 9.73% in South Korea (1985-1989) 
with a standard deviation of just under 2%. RLG and RDPG also show substantial 
variation, ranging from -2% to 13% with standard deviations of around 3%. The 
variables BERD, GERD, HERD and GOVERD have a smaller variation than the other 
variables and consequently the standard deviation for these variables is low. These 
variables capture R&D expenditure as a percent of GDP, and as so the smaller variation 
and low standard deviation is normal. The variable EDU has considerable variation 
from 3.55 years of education in Luxembourg (1980) to 13.09 years of education in New 
Zealand (2010) and the United States (2010).  
 
 
 The second part of Table 2 presents the descriptive statistics for the regression 
classifications I test while using total factor productivity as the dependent variable. The 
independent variables used in this classification are the same as those used with the 
labor productivity growth classifications. As can be seen, the standard deviation for 
most independent variables drops because of the shortened time horizon in TFP 
regressions. TFP growth ranges from -4.16% in Greece (2010-2013) to 9.98% in 
Iceland (2010-2013) and has a standard deviation of 1.5%.  
 31 
Figure 3: 
Table 3 shows the average standard deviations for variables used in the baseline 
regressions. These standard deviations differ from those in Table 2 as they are the 
average of all the individual country standard deviations, and so give a better 
interpretation of the data than when looking at it as a whole.10 Figures 3-7 present the 
data in graphic form in order to clearly see the cross-country trends that exist.  
   
 
 
 
 
 
 
 
 
 
 
 
                                                
10Individual country standard deviations for the baseline classifications are available in the appendix. 
Note: R&D Personnel (RDPG) is the growth in researchers, technicians, and other 
support staff engaged in R&D. Researchers  (RLG) is comprised of the labor 
growth of those engaged in the creation of new knowledge, products, processes, 
methods, and systems.  
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Figure 4: 
Figure 5: 
Note: Human Capital is measured as the average education of individuals aged 
over 15, measured in years. 
 
 
 
 
 
 
 
 
 
 
 
 
 
Note:  BERD is business enterprise expenditure on R&D as a percent of GDP. 
GERD is gross expenditure on R&D as a percent of GDP. HERD is the 
expenditure on R&D in higher education as a percent of GDP, and GOVERD is 
the government expenditure on R&D as a percent of GDP. 
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Figure 7: 
 
Note: Total Factor Productivity (TFP) is the annual growth rate calculated as 
Tornqvist index. BERD is business enterprise expenditure on R&D as a percent of 
GDP. 
 
 
 
 
Figure 6: 
Note: Labor Productivity Growth (LPG) is calculated as GDP per capita / total 
hours worked per capita on a yearly basis. R&D Personnel (RDPG) is the growth 
in researchers, technicians, and other support staff engaged in R&D. 
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Note: Labor Productivity Growth (LPG) is calculated as GDP per capita / total hours worked per capita on a 
yearly basis. RDPG is the growth in researchers, technicians, and other support staff engaged in R&D. RLG 
is comprised of the labor growth of those engaged in the creation of new knowledge, products, processes, 
methods, and systems. EDU is the average education of individuals aged over 15, measured in years.  
 
 
 
6.2 Baseline Regression Results 
 
In this section I present the regression results from the baseline tests I run. I will 
first show the results under the semi-endogenous and fully endogenous theories using 
labor productivity growth as the dependent variable. Following these I will present the 
results while using total factor productivity growth as the dependent variable.   
Table 4 shows the results from the baseline regressions under the semi-
endogenous classification. Columns (1) and (3) respectively test the broad and narrow 
R&D labor variables against LPG. Columns (2) and (4) add a human capital variable to 
the regressions. All four regressions presented in Table 4  
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control for time and country variations as well as controlling for country specific time 
trends. As can be seen the coefficients for RDPG and RLG are significant at the 1% 
level and are positive. To interpret these coefficients I assume there is one standard 
deviation change of 2.5% in RDPG or RLG, which will positively impact labor 
productivity growth by 0.4%.11 The small change in the coefficients of RDPG and RLG 
when I add the EDU variable shows that the R&D labor variables are robust. The R2 of 
.34 shows that the regressions explain 34% of the variation that exists. The results in 
Table 4 reject the null hypothesis that the impact of R&D labor growth on LPG 
significantly differs from zero, giving support to the semi-endogenous theory.   
 Table 5 presents the results from the baseline regressions I run under the fully 
endogenous classification. Columns (1), (3), and (5) respectively test the impact of 
business expenditure, gross expenditure, and business, higher education, and 
government expenditure on labor productivity growth. To avoid multicollinearity I do 
not test GERD  
                                                
11 Note that the standard deviation used for the magnitude test if from the average of all countries 
standard deviation, Table 3.  
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in the same regressions with the other three measurements of R&D expenditure because 
GERD is inclusive of the other measurements. Columns (2), (4), and (6) add a human 
capital variable to the regression. All six regressions presented in Table 5 control for 
time and country variations, while also controlling for country specific time trends. 
BERD is marginally significant in (1), (5), and (6) showing the positive relationship that 
exists between R&D expenditure and labor productivity growth. A one standard 
deviation change of 0.28% in BERD would result in labor productivity growth of 
0.5%.12 The R2 of .25 shows that the regressions account for 25% of the variation that 
exists. The small coefficient change in BERD from column (1) and (2), and (5) and (6)  
 
                                                
12 Note that the standard deviation used for the magnitude is taken from Table 3. 
Note: LPG is calculated as GDP per capita / total hours worked per capita on a yearly basis. BERD is business 
enterprise expenditure on R&D as a percent of GDP. GERD is gross expenditure on R&D as a percent of GDP. HERD 
is the expenditure on R&D in higher education as a percent of GDP, and GOVERD is the government expenditure on 
R&D as a percent of GDP. EDU is the average education of individuals aged over 15, measured in years. 
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shows that the variable is robust. I can marginally reject the null hypothesis that R&D 
expenditure’s impact on LPG is significantly different from zero. 
 
Table 6 presents the baseline regressions under the semi-endogenous framework 
while using total factor productivity growth as the dependent variable. Columns (1) and 
(3) respectively test the broad and narrow R&D labor definitions against TFP. Columns 
(2) and (4) add a human capital variable to the regression. All four regressions 
presented in Table 6 control for time and country variations while also accounting for 
country specific time trends. As can be seen there are no significant results and the null 
hypothesis cannot be rejected. The R2 of .4 shows that the regressions account for 40% 
of the variation that exists.   
Note: Total Factor Productivity (TFP) is the annual growth rate calculated as Tornqvist index. RDPG is the 
growth in researchers, technicians, and other support staff engaged in R&D. RLG is comprised of the labor 
growth of those engaged in the creation of new knowledge, products, processes, methods, and systems. EDU 
is the average education of individuals aged over 15, measured in years.  
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 Table 7 presents the results of the regressions I run under the fully endogenous 
framework while using total factor productivity growth as the dependent variable. 
Columns (1), (3) and (5) respectively test the impact of business expenditure, gross 
expenditure, and business, higher education and government expenditure on total factor 
productivity growth. To avoid multicollinearity issues I do not test GERD with any 
other expenditure variables. Columns (2), (4) and (5) add a human capital variable to 
the regressions. All six regressions presented in Table 7 control for time and country 
variations while also accounting for country specific time trends. As can be seen GERD 
and GOVERD are marginally significant in columns (4) – (6). The coefficients for 
GERD and GOVERD are negative, implying that increasing the fraction of resources to 
Note: Total Factor Productivity (TFP) is the annual growth rate calculated as Tornqvist index. BERD is business 
enterprise expenditure on R&D as a percent of GDP. GERD is gross expenditure on R&D as a percent of GDP. HERD 
is the expenditure on R&D in higher education as a percent of GDP, and GOVERD is the government expenditure on 
R&D as a percent of GDP. EDU is the average education of individuals aged over 15, measured in years. 
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gross R&D expenditure or governmental expenditure will decrease the growth of TFP. 
It is worthwhile to notice that GERD is not significant in (4) but is marginally 
significant when the human capital variable is added, showing the importance of human 
capital for productivity growth. The R2 0f 0.5 implies that the regressions account for 
50% of the variation that exists. The null hypothesis that R&D expenditure variables 
impact on TFP growth significantly differs from zero cannot be rejected.   
 In conclusion, the baseline regressions testing the semi and fully endogenous 
theories only reject the null hypothesis when labor productivity growth is utilized as the 
dependent variable. While using LPG as the dependent variable, the semi-endogenous 
framework strongly rejects the null hypothesis and the fully endogenous framework 
marginally rejects the null.   
 
 
6.3 Descriptive Statistics for Baseline Regressions with added Technological 
Adaptation Growth Variables 
 
 This section will present the descriptive statistics for the regressions I run with 
the added technological adaptation growth variables. Table 8 presents these statistics. In 
order to avoid repetition, this section will focus on the technological adaptation growth 
variables. Refer to Table 2 and the discussion that follows for  
all other variables. The three variables I focus on in this section are cell phone unit 
growth (CELL), personal computer unit growth (PC), and Internet access growth 
(INTERNET).  
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 The data presented in the first section of Table 8 shows the descriptive statistics 
for the regression classifications using labor productivity growth as the dependent 
variable. The variation for CELL is vast, ranging from 9.1% growth in South Korea 
(2000-2003) to 76.2% growth in Australia (1987-1989) with a standard deviation of 
15%. PC also has a wide variation, ranging from 2.9% growth in Luxembourg (1995-
2000) to 48.3% growth in South Korea (1985-1990) with a standard deviation of 7%. In 
addition, INTERNET also has a large variation, ranging from -5.3% growth in Norway 
(2000-2003) to 83.3% growth in Turkey (1990-1995) with a standard deviation of 17%. 
 
The second section of Table 8 presents the descriptive statistics for the 
regression classifications that utilize total factor productivity growth as the dependent 
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Figure 8: 
variable. The time horizon while using TFP as the dependent variable is smaller when 
using LPG. As a result the standard deviation decreases for CELL and PC but remains 
unchanged for INTERNET.  
 
  Table 9 shows the average standard deviations of the variables I use for these 
classification of regressions. These standard deviations differ from those in Table 8 
because they are the average of the individual country standard deviations, and so give a 
better interpretation of the data than when looking at it as a whole.13 Figures 8 and 9 
below illustrate these statistics in graphical form.      
 
 
                                                
13 The standard deviations for each country appear in the appendix. 
Note: CELL is the unit growth of cell phones. PC is the unit growth of personal 
computers.  
 42 
Figure 9: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
6.4 Baseline Regression Results with added Technological Adaptation Growth 
Variables 
 
 In this section I present the regression results from the baseline regressions I run 
with added technological adaptation growth variables. I will first show the results under 
the semi-endogenous and fully endogenous theories while using labor productivity 
growth as the dependent variable. Following these I will present the results while 
utilizing total factor productivity growth as the dependent variable. 
Note: Internet Access (INTERNET) is measured as the growth in individual 
access to the Internet.  
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Table 10 shows the results from the regressions I run under the semi-
endogenous framework with technological adaptation variables and using LPG as the 
dependent variable. Columns (1) and (3) respectively test the broad and narrow R&D 
labor variables with technological adaptation variables against LPG. Columns (2) and 
(4) add a human capital variable to the specifications of (1) and (3). All four regressions 
presented in Table 10 control for time and country variations as well as controlling for 
country specific time trends. CELL for all four regressions is marginally significant and 
Note: Labor Productivity Growth (LPG) is calculated as GDP per capita / total hours worked per capita on a yearly 
basis. RDPG is the growth in researchers, technicians, and other support staff engaged in R&D. RLG is comprised of 
the labor growth of those engaged in the creation of new knowledge, products, processes, methods, and systems. EDU 
is the average education of individuals aged over 15, measured in years. CELL is the unit growth of cell phones. PC is 
the unit growth of personal computers. INTERNET is the growth in individual access to the Internet.   
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positive. A one standard deviation change in CELL of 15% implies that LPG will 
increase by 0.7%.14 The R2 of just under 0.80 is high and shows that the regressions can 
explain 80% of the variation that exists. These results show that the null hypothesis can 
be rejected for CELL, but it is not rejected for the other variables meaning that the 
impact of R&D labor on LPG is not significantly different from zero.   
 Table 11 shows the results from the regressions I run under the fully endogenous 
framework with technological adaptation variables and using LPG as the dependent 
variable. Columns (1), (3) and (5) respectively test business expenditure, gross 
expenditure, and business, higher education, and government expenditure all with 
technological adaptation variables. Columns (2), (4), and (6) add a human capital 
variable to the specifications of (1), (3) and (5). All six regressions presented in Table 
11 control for time and country variations as well as controlling for country specific 
time trends. BERD is marginally significant in (1) and (2) and is significant at the 5% 
level in (5) and (6). Under the specifications in column (5), a one standard deviation 
change of 0.2% in BERD would result in LPG growth of 1.7%.15 BERD in (1) has a 
coefficient of 6.7 and in (6) the coefficient jumps to 10.7 showing that the variable is 
not robust.  CELL is significant at the 1% level in (1), and significant at the 5% level 
                                                
14 Note that the standard deviation used for the magnitude test is taken from Table 9. 
15 Note that the standard deviation used for the magnitude test is taken from Table 9. 
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 for (2) – (6). A one standard deviation change in CELL of 15%, under the specification 
of (5), would result in LPG growth of 0.9%.16 INTERNET is marginally significant in 
(1), (2) and (4) and is significant at the 5% level in (6). Interpreting the magnitude in (6) 
a one standard deviation change in INTERNET of 18% would result in LPG growth of 
1%.17 The large R2 of 0.8 shows that the regressions can explain 80% of the variation 
                                                
16 Note that the standard deviation used for the magnitude test is taken from Table 9.  
17 Note that the standard deviation used for the magnitude test is taken from Table 9. 
Note: Labor Productivity Growth (LPG) is calculated as GDP per capita / total hours worked per capita on a yearly 
basis. BERD is business enterprise expenditure on R&D as a percent of GDP. GERD is gross expenditure on R&D as a 
percent of GDP. HERD is the expenditure on R&D in higher education as a percent of GDP, and GOVERD is the 
government expenditure on R&D as a percent of GDP. EDU is the average education of individuals aged over 15, 
measured in years. CELL is the unit growth of cell phones. PC is the unit growth of personal computers. INTERNET is 
the growth in individual access to the Internet. 
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that exists. In conclusion BERD’s impact on LPG significantly differs from zero, 
meaning that the null hypothesis is rejected in support of the fully endogenous theory.        
 
 
 Figure 12 shows the results from the regressions I run under the semi-
endogenous framework with the technological adaptation variables and using TFP 
growth as the dependent variable. Columns (1) and (3) respectively test the broad and 
narrow R&D labor variables with technological adaptation variables against TFP 
growth. Columns (2) and (4) then add a human capital variable to the specifications in 
(1) and (3). All four regressions presented in Table 12 control for time and country 
Note: Total Factor Productivity (TFP) is the annual growth rate calculated as Tornqvist index. 
RDPG is the growth in researchers, technicians, and other support staff engaged in R&D. RLG is 
comprised of the labor growth of those engaged in the creation of new knowledge, products, 
processes, methods, and systems. EDU is the average education of individuals aged over 15, 
measured in years. CELL is the unit growth of cell phones. PC is the unit growth of personal 
computers. INTERNET is the growth in individual access to the Internet. 
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variations as well as controlling for country specific time trends. The R2 of 0.77 shows 
that the regressions explain 77% of the variation that exists. There are no significant 
results in Table 12 meaning that the null hypothesis cannot be rejected and the impact 
of the independent variables on TFP does not significantly differ from zero.    
 Table 13 shows the results from the regressions I run under the fully endogenous 
framework with the technological adaptation variables and using TFP growth as the 
dependent variable. Columns (1), (3) and (5) respectively test business expenditure, 
gross expenditure, and business, higher education, and government expenditure with 
technological adaptation variables. Columns (2), (4), and (6) add a human capital 
variable to the specifications of (1), (3) and (5). All six regressions presented in Table 
13 control for time and country variations as well as controlling for country specific 
time trends. BERD is marginally significant in (1), (2) and (3) and is significant at the 
5% level in (6). Interpreting the magnitude in (6) a one standard deviation change in 
BERD of 0.17% would result in TFP growth of 1.2%.18 The R2 of about 0.7 implies that 
the regressions can explain 70% of the variation that exists. The null hypothesis can be 
rejected meaning that the impact of BERD upon TFP is significantly different from 
zero. 
                                                
18 Note that the standard deviation used for the magnitude test is taken from Table 9. 
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  In conclusion the regressions I run while adding technological adaptation 
variables only reject the null hypothesis under the fully endogenous theory. The fully 
endogenous classifications reject the null while utilizing both LPG and TFP growth as 
the dependent variables.   
 
7.0 Conclusions 
My paper empirically assesses the responsiveness of technological change, 
measured as labor productivity growth and total factor productivity growth, to R&D 
inputs. In order to do so, I tested the responsiveness under Schumpeterian (R&D 
Note: Total Factor Productivity (TFP) is the annual growth rate calculated as Tornqvist index. BERD is business 
enterprise expenditure on R&D as a percent of GDP. GERD is gross expenditure on R&D as a percent of GDP. HERD 
is the expenditure on R&D in higher education as a percent of GDP, and GOVERD is the government expenditure on 
R&D as a percent of GDP. EDU is the average education of individuals aged over 15, measured in years. CELL is the 
unit growth of cell phones. PC is the unit growth of personal computers. INTERNET is the growth in individual access 
to the Internet. 
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induced) growth, specifically the semi and fully endogenous theories. The semi-
endogenous theory predicts that there are diminishing returns to R&D due to the fact 
that R&D is becoming more difficult and as a result the average worker is becoming 
less productive. The fully endogenous theory predicts that there are diminishing returns 
to R&D due to a growing variety of products that are available in an economy. I run two 
specifications of regressions: the first one is the baseline framework that the theories 
discuss and the second one is the baseline framework with technological adaptation 
variables added.      
Under the baseline framework I find strong support for the semi-endogenous 
framework and marginal support for the fully endogenous theory. However, this 
evidence is only significant when I use labor productivity growth as my dependent 
variable, when total factor productivity growth is used as the dependent the results are 
not significant. My evidence implies that the decreasing productivity growth despite 
increased resources allocated to R&D can be explained by decreasing returns to R&D. 
More specifically, this trend is better explained by the fact that R&D is becoming more 
difficult and that the average worker is becoming less productive, which is what semi-
endogenous theory predicts.  
The second specifications I run while using the technological adaptation 
parameters I find evidence in support of the fully endogenous theory. Under this 
specification I find no support of the semi-endogenous theory. For the fully endogenous 
framework I find significant evidence while using both labor productivity growth and 
total factor productivity growth as the dependent variables. This evidence implies that 
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the trends in the data can be explained by diminishing returns to R&D because of a 
growing product variety.  
The evidence I find confirms and diverges from the findings of past literature. 
Zachariadis (2004) finds evidence in support of the fully endogenous theory and against 
the semi-endogenous theory; Madsen (2007) finds evidence against both the semi and 
fully endogenous theories, and Venturini (2012) finds evidence in support of the fully 
endogenous theory. The evidence I find with regard to the fully endogenous theory is in 
line with Zachariadis (2004) and Venturini (2012). The support I find for the semi-
endogenous theory differs from all these papers, as they do not find any evidence, 
whereas I find strong support of the theory in my baseline regressions.  
It is worthwhile to note that here are some limitations to my data that leaves 
room for improvement in the future. The measurement I use for total factor productivity 
growth has limitations that are worthwhile to point out. The time horizon for TFP 
growth data is less than that of LPG and so fewer observations is a possible reason for 
my TFP results being insignificant in the baseline regressions. In addition it would be 
beneficial to create the TFP growth variable using the raw data, whereas I used growth 
that was calculated by the Conference Board.  
The semi-endogenous theory predicts that the way to maintain a balanced 
growth rate is to increase population growth, which by assumption is something that 
government policy cannot directly influence. The fully endogenous theory predicts that 
the way to maintain a balanced growth path is to maintain a constant fraction of 
resources to R&D and through increasing that fraction higher growth would ensue, 
which by assumption is something that government policy can directly influence. The 
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answer to the question of can policy spur technological growth is an ambivalent one. I 
find evidence that policy can directly impact the technological growth rate and evidence 
that policy cannot impact that growth. Evidence under my first specifications of 
regressions finds overwhelming support that policy cannot influence technological 
change, while the second specifications of regressions I run supports the idea that policy 
can have an impact on technological change.  
Further questions remain to be explored in the context of Schumpeterian growth 
and policy’s impact on technological change. A data set that encompasses a longer time 
horizon would be beneficial in answering which Schumpeterian theory can best explain 
the data trends. In addition, it is still a matter of debate over which indicators best tracks 
technological change, and so research that utilizes both productivity growth and patents 
as proxy’s for technological change could give new incites into the different generations 
of Schumpeterian theory. My use of technological adaptation variables in my analysis 
forged a path for future literature to expand upon through longer time horizons and 
other technological adaptation variables. An interesting avenue for future research to 
pursue would be to compare countries at different stages of development. Most of the 
current literature uses very developed countries in their analysis. Comparing under-
developed, developing, and developed countries could be useful to determine the impact 
that R&D has on innovational growth and if policy can influence that growth.      
     
 
 
 
 
 
 52 
 
 
 
 
Appendix A: Further Data Discussion:  
  
Countries Used (alphabetically by country code): Australia (AUS), Austria (AUT), 
Belgium (BEL), Canada (CAN), Switzerland (CHE), Germany (DEU), Denmark 
(DNK), Spain (ESP), Finland (FIN), France (FRA), United Kingdom (GBR), Greece 
(GRC), Ireland (IRL), Iceland (ISL), Italy (ITA), Japan (JPN), South Korea (KOR), 
Luxembourg (LUX), Netherlands (NLD), Norway (NOR), New Zealand (NZL), 
Portugal (PRT), Singapore (SGP), Sweden (SWE), Turkey (TUR), the United States 
(USA).   
 
Labor Productivity Growth: calculated by dividing GDP per capita in 1990 US$ 
(converted at Geary Khamis PPPs) by Annual hours worked per worker giving the 
hourly per capita output. The data for this calculation was taken from the Conference 
Board’s Total Economy Database – Output, Labor, and Labor Productivity, 1950-2013.  
 
Total Factor Productivity: estimated as Tornqvist index and was taken from the 
Conference Board’s Total Economy Database- Growth Accounting and Total Factor 
Productivity, 1990-2013. For further exploration of the data you can find the datasets at 
the following link, http://www.conference-board.org/data/economydatabase/.  
   
 
Total R&D Personnel: the annual growth rate of R&D personnel. The Main Science 
and Technology Indicators data is taken from OECD.StatExtracts and can be found 
under the theme of Science, Technology and Patents, in the subsection Science and 
Technology Indicators. For further exploration of the data follow the link, 
http://stats.oecd.org/Index.aspx?QueryId=33210. For more description how Total R&D 
Personnel is gathered by the OECD see: Frascati Manudal: Proposed Standard 
Practice for Surveys on Research and Experimental Development, which can be found 
at http://www.tubitak.gov.tr/tubitak_content_files/BTYPD/kilavuzlar/Frascati.pdf.  
 
Total Researchers: the annual growth rate of researchers. The Main Science and 
Technology Indicators data is taken from OECD.StatExtracts and can be found under 
the theme of Science, Technology and Patents, in the subsection Science and 
Technology Indicators. For further exploration of the data follow the link, 
http://stats.oecd.org/Index.aspx?QueryId=33210. For more description how Total 
Researchers is gathered by the OECD see: Frascati Manudal: Proposed Standard 
Practice for Surveys on Research and Experimental Development, which can be found 
at http://www.tubitak.gov.tr/tubitak_content_files/BTYPD/kilavuzlar/Frascati.pdf. 
 
BERD: Business enterprise expenditure on R&D as a fraction of GDP. The Main 
Science and Technology Indicators data is taken from OECD.StatExtracts and can be 
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found under the theme of Science, Technology and Patents, in the subsection Science 
and Technology Indicators. For further exploration of the data follow the link, 
http://stats.oecd.org/Index.aspx?QueryId=33210. For more description how BERD is 
gathered by the OECD see: Frascati Manudal: Proposed Standard Practice for Surveys 
on Research and Experimental Development, which can be found at 
http://www.tubitak.gov.tr/tubitak_content_files/BTYPD/kilavuzlar/Frascati.pdf. 
 
 
GERD: Gross expenditure on R&D in a given year as a fraction of GDP. The Main 
Science and Technology Indicators data is taken from OECD.StatExtracts and can be 
found under the theme of Science, Technology and Patents, in the subsection Science 
and Technology Indicators. For further exploration of the data follow the link, 
http://stats.oecd.org/Index.aspx?QueryId=33210. For more description how GERD is 
gathered by the OECD see: Frascati Manudal: Proposed Standard Practice for Surveys 
on Research and Experimental Development, which can be found at 
http://www.tubitak.gov.tr/tubitak_content_files/BTYPD/kilavuzlar/Frascati.pdf. 
 
 
GOVERD: Government expenditure on R&D as a fraction of GDP. GOVERD is the 
federal government and state/provincial (when significant) expenditure on R&D during 
a given year.  The Main Science and Technology Indicators data is taken from 
OECD.StatExtracts and can be found under the theme of Science, Technology and 
Patents, in the subsection Science and Technology Indicators. For further exploration of 
the data follow the link, http://stats.oecd.org/Index.aspx?QueryId=33210. For more 
description how GOVERD is gathered by the OECD see: Frascati Manudal: Proposed 
Standard Practice for Surveys on Research and Experimental Development, which can 
be found at 
http://www.tubitak.gov.tr/tubitak_content_files/BTYPD/kilavuzlar/Frascati.pdf. 
 
 
HERD: Higher education expenditure on R&D as a fraction of GDP. HERD is 
comprised mostly of general university funds (GUF) and external funds devoted to 
R&D within higher education institutions. The Main Science and Technology Indicators 
data is taken from OECD.StatExtracts and can be found under the theme of Science, 
Technology and Patents, in the subsection Science and Technology Indicators. For 
further exploration of the data follow the link, 
http://stats.oecd.org/Index.aspx?QueryId=33210. For more description how HERD is 
gathered by the OECD see: Frascati Manudal: Proposed Standard Practice for Surveys 
on Research and Experimental Development, which can be found at 
http://www.tubitak.gov.tr/tubitak_content_files/BTYPD/kilavuzlar/Frascati.pdf. 
 
 
Educational Attainment: The Barro-Lee Educational Attainment data that I use is the 
average educational attainment for total population aged 15 and over, with observations 
taken every 5 years. The full data set can be found at, http://www.barrolee.com/.  
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Cellphone: is the unit growth of cell phones, year over year. The raw data for cell 
phone units can be found at http://www.nber.org/papers/w15319.   
 
 
 
 
 
 
 
 
 
Appendix B: Country Specific Standard Deviations: 
 
 
 
 
Note: Labor Productivity Growth (LPG) is calculated as GDP per capita / total hours worked per capita on a yearly 
basis. RDPG is the growth in researchers, technicians, and other support staff engaged in R&D. RLG is comprised of 
the labor growth of those engaged in the creation of new knowledge, products, processes, methods, and systems. EDU 
is the average education of individuals aged over 15, measured in years. BERD is business enterprise expenditure on 
R&D as a percent of GDP. GERD is gross expenditure on R&D as a percent of GDP. HERD is the expenditure on 
R&D in higher education as a percent of GDP, and GOVERD is the government expenditure on R&D as a percent of 
GDP. 
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Note: Labor Productivity Growth (LPG) is calculated as GDP per capita / total hours worked per capita on a yearly 
basis. RDPG is the growth in researchers, technicians, and other support staff engaged in R&D. RLG is comprised of 
the labor growth of those engaged in the creation of new knowledge, products, processes, methods, and systems. EDU 
is the average education of individuals aged over 15, measured in years. CELL is the unit growth of cell phones. PC is 
the unit growth of personal computers. INTERNET is the growth in individual access to the Internet. BERD is business 
enterprise expenditure on R&D as a percent of GDP. GERD is gross expenditure on R&D as a percent of GDP. HERD 
is the expenditure on R&D in higher education as a percent of GDP, and GOVERD is the government expenditure on 
R&D as a percent of GDP. 
 
Note: Total Factor Productivity (TFP) is the annual growth rate calculated as Tornqvist index. RDPG is the growth in 
researchers, technicians, and other support staff engaged in R&D. RLG is comprised of the labor growth of those 
engaged in the creation of new knowledge, products, processes, methods, and systems. EDU is the average education of 
individuals aged over 15, measured in years. BERD is business enterprise expenditure on R&D as a percent of GDP. 
GERD is gross expenditure on R&D as a percent of GDP. HERD is the expenditure on R&D in higher education as a 
percent of GDP, and GOVERD is the government expenditure on R&D as a percent of GDP. 
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